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Models: growing variety

v Modern model markets feature many different LLMs
- Thousands of models on Hugging Face
- Growing faster with fine-tuning services like Tinker

Tinker Alibaba Cloud
Model Studio 
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v Modern model markets feature many different LLMs
- Thousands of models on Hugging Face
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Tinker Alibaba Cloud
Model Studio 

Concurrent LLM serving
Many models at the same time



Workload: highly skewed

v A one-hour concurrent workload from Alibaba Cloud Model Studio 
- Over 90% of models, with less than 2% of requests
- Long tail of low-rate models
- Reserving GPUs: Less than 0.2 RPS per GPU

167.6M x 1.35% req 
/ (17.7% x 30K GPU) 
/ (3600s)

≈ 0.118 RPS / GPU



Concurrent LLM serving is extremely wasteful!

Concurrent LLM serving
(w/ GPU reservation)
- One model per GPU
- < 0.2 RPS per GPU

Single-LLM serving

- Optimized with SGLang
- > 2 RPS per GPU*

* Estimated with SGLang's DeepSeek deployment blog.

10x Resource Efficiency Gap!
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Closing the gap with GPU Pooling 

Goal: Effective GPU pooling for 
concurrent LLM serving

Concurrent LLM serving
(w/ GPU pooling)
- Multiple (n) models per GPU
- 0.2 x n RPS per GPU

Serve as many models 
as possible per GPU! 

Concurrent LLM serving
(w/ GPU reservation)
- One model per GPU
- < 0.2 RPS per GPU

Single-LLM serving

- Optimized with SGLang
- > 2 RPS per GPU*



vNot effective - limited number of models per GPU

vTwo existing approaches for GPU pooling: multiplexing and auto-scaling

vMultiplexing is static: serving with multiple (sharded) models per GPU 

Existing GPU pooling is not effective
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vNot effective - limited number of models per GPU

vTwo existing approaches for GPU pooling: multiplexing and auto-scaling

vMultiplexing is static: serving with multiple (sharded) models per GPU 

Existing GPU pooling is not effective
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vNot effective - limited number of models per GPU

vTwo existing approaches for GPU pooling: multiplexing and auto-scaling

vMultiplexing is static: serving with multiple (sharded) models per GPU 

Multiplexing is limited

8 models on 4 GPUs
=> 2 models per GPU

A1 B1
C1 D1

GPU 1

A2 B2
C2 D2

GPU 2

A1 B1
C1 D1

GPU 3

A2 B2
C2 D2

GPU 4

Limited by GPU memory capacity:
At most two 14B models (FP16) per 80GB GPU👎



vNot effective - limited number of models per GPU

vTwo existing approaches for GPU pooling: multiplexing and auto-scaling

vAuto-scaling is dynamic: changing model placement on GPUs over time

Auto-scaling is more promising

Model
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vNot effective - limited number of models per GPU

vTwo existing approaches for GPU pooling: multiplexing and auto-scaling

vAuto-scaling is dynamic: changing model placement on GPUs over time

Auto-scaling is more promising

Model
Registry

GPU 1 GPU 2

A B

C D
B D

Not limited by
memory capacity!

👍

ServerlessLLM [OSDI'24]
BlitzScale [OSDI'25]



vNot effective - limited number of models per GPU

vTwo existing approaches for GPU pooling: multiplexing and auto-scaling

vAuto-scaling is dynamic: changing model placement on GPUs over time

Auto-scaling is more promising

Model
Registry

GPU 1 GPU 2

A B

C D
B D

Unlimited?
👍

ServerlessLLM [OSDI'24]
BlitzScale [OSDI'25]



Existing auto-scaling is still limited

Request 
for A

Request 
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Request 
for B? ?Model

Registry
GPU 1 GPU 2

A B

C D

Arrival



Existing auto-scaling is still limited

Request 
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Request 
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Registry
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C D Until A/D 
finishes🕓

Arrival



Existing auto-scaling is still limited

Request 
for A

Request 
for D

Request 
for BA DModel

Registry
GPU 1 GPU 2

A B

C D
⚠

Violating
TTFT SLO

Limited by active model count:
Need more GPUs than #Model active at a time 👎

ArrivalActive model count = 3



Most models are active in a concurrent workload!

v Intuitively, because LLM requests tends to be very long.

v Formally, 

Limited by active model count:
At most M/E[m] < 3 models per GPU 👎

λ = 0.037 RPS
T = 16.79s
(Data @ Alibaba) 

M/E[m] ≈ 2.16 



Most models are active in a concurrent workload!

v Intuitively, because LLM requests tends to be very long.

v Formally, 

Limited by active model count:
At most M/E[m] < 3 models per GPU 👎

λ = 0.037 RPS
T = 16.79s

M/E[m] ≈ 2.16 

Still room for improvement!



Key:  Request-level auto-scaling is inadequate

Request-Level
Auto-scaling 
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Our approach: token-level auto-scaling

Token-Level
Auto-scaling 

Request-Level
Auto-scaling 

Request 
for B👎

Head-of-line
Blocking

? ?
GPU 1 GPU 2

Request => Tokens

Request 
for A

Request 
for D

A D
GPU 1 GPU 2 Arrival

Time



Our approach: token-level auto-scaling

Token-Level
Auto-scaling 

Request-Level
Auto-scaling 

Request 
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Blocking
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Waiting👍

Arrival

Time

Auto-scaling @ full potential🏃



Token-level auto-scaling: most effective

Multiplexing
Request-Level
Auto-scaling

#GPU Limitation M/2 (memory) m (active models)

#Model/GPU
(typical)

2 2~3

Given M concurrent models (m active models):

Concurrent LLM serving
(w/ GPU pooling)
- Multiple (n) models per GPU
- 0.2 x n RPS per GPU

Effective: Serve as many models 
as possible per GPU! 

Token-Level
Auto-scaling (ours)

< m

Up to 7 (later)



Aegaeon: token-level auto-scaling for concurrent LLM serving.

Design Overview

Request A Request B Request CRequests

GPU
Instances

Time

…

Aegaeon
Components

Reused
Inference

Engine

Model 
Cache

Unifed
KV 

Cache
…

Scheduling:
Token generation jobs 
with scaling overhead?

Auto-scaling:
Scaling models as 

efficiently as possible?



Goal: Given requests, #GPU, SLOs (TTFT/TBT), 
maximize SLO attainment.

Token-level request scheduling

GPU 2

GPU 1

P P PD D DD DD

Request
for A

Request
for B

Request
for C

Diverse prefill & decoding time/SLO!

P DD

Request
for D



Goal: Given requests, #GPU, SLOs (TTFT/TBT), 
maximize SLO attainment.

Scheduling with P/D Disaggregation

Problem: Prefill-decoding 
interference.

Solution: Schedule with P/D disaggregation 
for simplifying scheduling design.

Bursty prefill:
violates TBT SLO

GPU 1

GPU 2

P

P

P D D

DD

DD

TBT too long!

D D P

TTFT too long!

Long-tail decoding:
violates TTFT SLO

D D D



Goal: Avoid frequent auto-scaling during prefill.

v Prefill execution & auto-scaling overhead are comparable (seconds)

Solution: Group prefill requests by models; 
schedule groups with FCFS.

Prefill scheduling: grouped FCFS

✅ Group: Reduce auto-scaling ✅ FCFS: Reduce starvation⚖



Goal: Systematically utilize the slack time during decoding to switch 
between models at the token-level.

- Decoding execution (O(10) ms) often shorter than TBT SLO (100 
ms) in industrial practice.

- Decoding tokens can be streamed to avoid user-perceivable stalls.
- After several decoding steps, a request earns some slack time that 

can be used to serve other models.

Solution: Round-robin with calculated time quota 
and guaranteed SLOs.

Decoding scheduling: batched Round-Robin



Decoding scheduling: batched Round-Robin

D D DDD D D DD D

No SLO violation:
masked by streaming 

previous tokens Detailed math in our paper!



Auto-scaling: time-consuming by default

KVin

Scale
Down

KVout
gc

Lengthy!
(Up to 27s)

Inference

Inference

Time
St
ag

es

v Full sequence of preemptive auto-scaling: 

Scale
Up

DistExecinit
Modelin

Profile
KVinit

Misc
Inference Engine

Ini<aliza<on

Optimized by 
ServerlessLLM, etc.

Goal: Conduct full-stack optimizations for accelerating auto-scaling. 



DistExecinit
Modelin

Profile
KVinit

Misc
v Components (except the weights) 

can be shared across models  

Auto-scaling w/ Component Reuse

Inference Engine
Initialization

v Components Reuse: pre-build 
NCCL/Ray clusters, pre-profile, …



Auto-scaling w/ Component Reuse
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Solution: Explicitly manage VRAM and 
DRAM to avoid fragmentation.

v Memory fragmentation during 
auto-scaling
- VRAM: Library (PyTorch) inefficiencies 

(torch.cuda.empty_cache())
- DRAM: Different KV cache shapes

Auto-scaling w/ Explicit Memory Management

Inference
KVout

gc
Modelin

KVin
Inference

Time
St
ag

es

ü Custom VRAM allocator
ü Unified KV cache: shape-specific 

on-demand allocation 
ü Model caching and prefetching



Auto-scaling: the final stretch

Inference
KVout

gc
Modelin

KVin
Inference

Time
St
ag

es

Inference
KVout

Modelin

KVin
Inference

Time

Default Stream

Prefetch Stream

Goal: Maximally 
overlapping the KV 

cache transfers.



Auto-scaling w/ Fine-Grained KV$ Synchronization

v Fine-grained KV cache synchronization with CUDA events
- Make transfers fully asynchronous
- Then synchronize minimally with CUDA events

Inference

KVout

Modelin

K
Inference

Time

Default Stream

KV In Stream

KV Out Stream

Vin

Prefetch Stream

Full design
in our paper!



vBaselines: ServerlessLLM (auto-scaling), MuxServe (multiplexing).
- ServerlessLLM+: ServerlessLLM + SRTF scheduling (oracle)

vMetrics: SLO attainment. Base TTFT is 10s, TBT is 100ms.
- Also scaled to 0.5x, 0.3x, and 0.2x.

vWorkload: (1) ShareGPT + Poisson (2) real traffic for deployment
- Models: 80 different models, including LLaMA, Qwen, InternLM, Yi, etc. The size 

ranges from 6B to 14B. 72B models are also evaluated.

vCluster: 2x8 H800 nodes; 1TB host memory, PCIe 5.0.
- Deployment: 6 GPUs for prefill, 10 for decoding.

Evaluation Setup



Evaluation: End-to-End Results
Aegaeon ServerlessLLM ServerlessLLM+ MuxServe

#Models
(a) RPS = 0.1 (b) RPS = 0.5 (c) 40 models

#Models
(a) RPS = 0.5

Avg. Rate (RPS)
(c) 40 models

(a) RPS = 0.1, ShareGPT-ix2 (b) RPS = 0.1, ShareGPT-ox2 (c) RPS = 0.5, ShareGPT-ix2 (d) RPS = 0.5, ShareGPT-ox2
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Evaluation: End-to-End Results

MuxServe: 
<= 2 models/GPU



Aegaeon ServerlessLLM ServerlessLLM+ MuxServe

#Models
(a) RPS = 0.1 (b) RPS = 0.5 (c) 40 models

#Models
(a) RPS = 0.5

Avg. Rate (RPS)
(c) 40 models

(a) RPS = 0.1, ShareGPT-ix2 (b) RPS = 0.1, ShareGPT-ox2 (c) RPS = 0.5, ShareGPT-ix2 (d) RPS = 0.5, ShareGPT-ox2

Evaluation: End-to-End Results

2.5x
ServerlessLLM

70 models / 10 GPUs
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Robust
Advantage



• Beta-deployed on a 213-GPU cluster (H20), serving nineteen 32-72B 
(TP=4), and twenty-eight 1.8B-7B models (TP=1).

• Previously served by 1,192 GPUs (82% saving).

Evaluation: beta deployment

Alibaba Cloud
Model Studio 



Aegaeon proposes token-level auto-scaling to achieve effective GPU 
pooling for concurrent LLM serving:

- Workload modeling and effectiveness analysis (as many models as possible!)
- Token-level request scheduling algorithms
- Efficient auto-scaling optimizations

Aegaeon reduces GPU usage by up to 82% in beta deployment. 

Summary

xiangyx@stu.pku.edu.cnThanks for 
Listening!

mailto:xiangyx@stu.pku.edu.cn


4xA10
72B

(TP4)

44

Tighter
SLOs

Evaluation:  Alternative setups



SGLang's DeepSeek Deployment Blog
Prefill

Decoding


